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ABSTRACT
Routing decisions are initially based on minimizing travel time. Nevertheless, eco-routing considers
the environmental aspect (e.g. emissions, fuel, and exposure) and was introduced to replace the initial
routing concept to mitigate the undesirable impact of transportation systems on the environment. This
review paper aims to provide a four level taxonomy and map eco-routing studies to the proposed
taxonomy. Furthermore, the strengths and weaknesses of the presented models are summarized. In
the literature reviewed, special emphasis was given to the role of vehicle connectivity in eco-routing.
The main findings include: the microscopic level of aggregation of the flow and emission/fuel models
was rarely employed for large case studies due to the associated complexity; one objective was
optimized at a time for a majority of the studies; and all of the reviewed studies were applied in a
centralized routing system environment.
Keywords Eco-routing, routing, taxonomy, GHG emissions, centralized routing systems, distributed routing systems
1 Introduction
To alleviate the negative impact of transportation systems on the environment, several approaches have been suggested:
1) substituting the fossil fuel with other energy sources, 2) improving the technology of vehicles, and finally 3)
employing intelligent transportation systems (ITSs) that are a form of improvement in information and communication
technology (ICT). The last solution is the most promising one as ITSs can adopt several control measures, such as
speed, traffic signals, and route guidance to manage the negative impact on the environment [49]. GHG emission is one
of the worst environmental impacts and vehicle routing can be employed to minimize it while directing vehicles to
their destinations. This type of routing is called eco-routing [45]. Initially, in the context of route guidance as well as
traffic assignment, routing considered a single objective, in particular minimizing the travel time [45]. Nevertheless,
researchers have started incorporating more than one objective while assigning or guiding traffic. Dealing with multiple
objectives is associated with higher complexity due to the conflict between the different objectives. For instance,
enhancing traffic efficiency may conflict with emissions reduction. In other words, if traffic efficiency is improved,
the emission objective would deteriorate. On the other hand, emission objective is aligned with fuel consumption.
While improving one objective, the other is improved as well [32]. While determining the optimal route with multiple
objectives, the fastest or the shortest route may not be the optimal from the environmental prospective [6, 29]. In
addition, a routing strategy that aims to minimize individuals’ emissions may give worse results, in terms of the
emissions, compared to the standard travel time based user equilibrium (UE) assignment. This aforementioned case is
similar to the case of seeking to minimize individual travel time in which drivers get to be routed to lower capacity links
that ends up with longer routes and travel time. To achieve the objective function of minimizing travel time, the time
saved by an individual should outweigh the impact on drivers for a new route [8].
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To develop a better understanding and to use eco-routing models more effectively, there is a strong need to further
investigate and systematically classify the existing body of work. Developing a multi-level taxonomy would help
and guide practitioners to choose the appropriate model for their application. Furthermore, a clear illustration of the
strengths and weaknesses based on the state of art would give a clear direction for potential work. It is worth mentioning
that the reviewed eco-routing models were applied to personal transport cases, but they can be expanded for freight
transport. Moreover, toll pricing was not taken into consideration as it is out of the defined scope. This work differs from
other comparable studies by including the following: studies are reviewed under a four level taxonomy based on the
most representative characteristics; the most up to date approaches are investigated for eco-routing; the reviewed studies
are mapped to the routing protocol utilized (centralized or distributed) and to the general optimization formulation; the
difference is distinguished between dynamic traffic assignment and dynamic routing; and the potential of employing
distributed routing systems based on results is illustrated.
2 Objectives and organization
The main contributions of this work are as per the following:
1. Develop a four level taxonomy that captures the most essential characteristics of eco-routing models and map
the literature accordingly.
2. Define the strengths and drawbacks of the existing eco-routing models.
3. Suggest new ideas and possible opportunities for future work via utilizing the recent developments of the ICT.
This work is organized as follows: section 3 includes a brief overview of routing, eco-routing and traffic assignment
concepts. The main types of traffic assignment and traffic assignment relationship with routing are illustrated. The
optimization formulation of vehicle routing and eco-routing as an extension of the initial vehicle routing are demon-
strated. Section 4 presents the approaches available for estimating emissions. The major part of this paper is presented
in section 5 that maps the studies to the proposed taxonomy. Section 6 concludes the major findings. Finally, section 7
includes recommendations for future work.
3 Vehicle routing, eco-routing, and traffic assignment
Routing is guiding vehicles to their destinations based on a single criterion, such as travel time, distance, emissions,
and fuel, or any combination of them. The concept of vehicle routing has been used by public road agencies for
decades. The main tool used by the agencies is the roadside variable message signs (VMSs). Nevertheless, with the
ICT advancements, route guidance services by the private parties has ballooned due to the commercial introduction
and affordability of the standalone personal navigation devices and smartphones [17]. Initially, routing decisions were
based on travel time as the main objective. However, with time, environmental variables, like emissions and fuel, were
taken into account and eco-routing was introduced to replace the conventional routing concept. Other synonym terms of
eco-routing can be pollution routing [9] or green routing [23].
Traffic assignment plays a profound role in forecasting travel time in long-term transportation planning. In addition, it
has a substantial role in the short-term traffic operation management and control [46]. Traffic assignment is the last
step of the transportation demand forecasting process that focuses mainly on the choice of the path from an origin to a
destination. The route choice is based on the objectives set by drivers or by governments [35]. Figure 1 illustrates the
classification of traffic assignment, components of traffic assignment, and the relationship between traffic assignment
and routing. Traffic assignment models are classified into two major categories: the static (STA) and the dynamic
traffic assignment (DTA). The STA models do not represent the congestion phenomenon and consider equal in and
out flow from a link which is unrealistic. The main outputs of STA models are average speed, traffic volume, traffic
composition, and the level of service that are used to estimate the weights of traffic characteristics to define the routes
[43]. On the other hand, DTA models are based on a direct relationship between congestion and traffic flow [16]. DTA
represents the real situation more efficiently in which it considers the changes in the traffic flow with time. As a result
of high spatial and temporal resolution associated with DTA, a more reliable estimation of the traffic characteristics’
weights is obtained [46]. DTA is an iterative process that examines the progress of achieving either user equilibrium
(UE) or system optimal (SO) assignment [47]. Achieving UE or SO is associated with weights of the different traffic
characteristics taken into account (travel time, distance, emissions, fuel) for every link. As presented in Figure 1, both
STA and DTA consist of two components that are traffic flow model and travel choice principle.
Traffic flow models can take three forms: microscopic, mesoscopic, and macroscopic [32]. The microscopic model
considers the detailed temporal characteristics of every vehicular agent in the network. It requires models that account
for the behavioural aspect of the drivers. The outputs include the position, speed, acceleration of every vehicle at each
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time step. The mesoscopic model goes between the microscopic and macroscopic flow models. It represents the vehicle
flow in aggregate terms and the behaviour rules are captured in details. Finally, the macroscopic requires aggregated
information about the vehicular dynamics. Its main drawback is that it cannot capture the reality and certain traffic
incidents, such as queues or spill-backs [43].
Dynamic traffic
assignment (DTA)
Static traffic
assignment (STA)
Both traffic assignments consist of two components
Traffic flow model Travel choiceprinciple
Microscopic
Mesoscopic
Macroscopic
User Equilibrium
(UE)
System Optimal
(SO)
Traffic assignment Vehicle routingproblem
General optimization
formulation 
Special case: Eco-
routing vehicle
problem
General process
followed
Figure 1: Traffic assignment classification, components, and traffic assignment relationship with routing
Wardrop formulated two basic travel choice principles for traffic assignment [52]. The first one is the User Equilibrium
(UE): “The journey times on all the routes actually used are equal, and less than those which would be experienced by a
single vehicle on any unused route”. While the other one is the System Optimal (SO): “The average journey time is a
minimum for all routes in a network”. For this type of formulation, a lower average travel time can not be achieved
by any other assignment. SO assignment is what authorities seek to achieve as the total travel time in a network is
minimized. This type of traffic assignment means that some users may experience a longer travel time to achieve SO
assignment. In other words, it is unfair to certain users when the global benefit is achieved.
With regards to the relationship between traffic assignment and routing, a brief illustration is shared below. Routing
vehicles is guiding them based on one criterion (travel time, distance, emissions, fuel, etc.) or more than one criterion
(travel time and emissions). To route vehicles, weights of the criteria considered are required. For instance, if vehicles
are routed to the fastest route, travel time is the criterion and weights of every link in the traffic network are needed to
specify the shortest route. Criteria weights can be obtained from different sources: sensors distributed in the network,
probe vehicles collecting information about the criteria taken into account from the network, statistical and historical
data sets, and traffic assignment. Traffic assignment, and more specifically, the DTA routes vehicles to their destinations
by an iterative process for a defined traffic flow and specific period of time. When applying traffic assignment for the
first iteration, the traffic characteristics weights of links are estimated and routes are calculated accordingly. Then, every
future iteration calculates the weights of links based on the previous iteration’s routes. This process continues until
equilibrium is reached (UE or SO) as discussed above. The equilibrium state weights of links are the weights employed
while routing vehicles and this summarizes the relationship between routing and traffic assignment. In other words, the
performance of vehicle routing is explicitly dependent on the traffic assignment due to the fact that the outcome of the
traffic assignment process is the input for a routing process [28].
From the optimization prospective, Equation 1 illustrates the general formulation of the objective function for a routing
problem:
min
{
n∑
i=1
Wt.Ti +
n∑
i=1
Wd.Di +
n∑
i=1
We.Ei +
n∑
i=1
Wf .Fi
}
(1)
Where Ti is the travel time on link i; Di is the distance traversed on link i; Ei is the emissions on link i that can be
CO2, CO, NOx, or any other pollutant; Fi is the fuel consumed on link i; n is the number of links of a path k; and
Wt, Wd, We, and Wf are the weights associated with travel time, distance, emissions, and fuel, respectively. It is
worth mentioning that variables in Equation 1 (T , D, E, and F ) have different units and weights transform them into a
consistent unit (e.g. monetary value).
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Figure 2 illustrates the general logic followed while applying eco-routing. Traffic variables (speed, distance, accelera-
tion, deceleration, etc.) are the outcome of either traffic flow models as described in section 3, or real data collected.
Traffic variables are then fed into emission/fuel model as described in section 4. Then, estimated variables of traffic
and emissions/fuel are used for the optimization process to define the optimal route. When the route is chosen, traffic
characteristics are modified accordingly. It is profound to note that this is an iterative process, for possibly every t
seconds.
Traffic characteristics;
speed, acceleration,
deceleration, etc. 
 
Traffic flow models;
microscopic, mesoscopic,
or macroscopic
 
Real data
Emission/ fuel model
Optimization process (travel time, distance
travelled, fuel consumed, emissions produced,
etc.)
Routing decisions
Iterative process of eco-routing,
every t seconds 
Figure 2: Eco-routing logic
4 Vehicle emission modelling
Since the 1960s, the negative impact of emissions has been considered while managing transportation systems. A
wide variety of gaseous pollutants and fine particulate matter from fuel consumption are emitted from vehicles on
roads. Carbon monoxide (CO), nitrogen oxides (NOx), and particulate matter (PM) have been listed as critical air
pollutants by most environmental protection agencies and departments (e.g., U.S., EU, Australia, and Hong Kong) [46]
due to their severe undesired effects on humans and the ecosystem. Different factors affect the emissions and among
them are distance travelled, speed, time spent in a specific driving condition, and fuel consumed. Hence, in terms of
estimating emissions, there are several models employed based on the scale and details available. Aligned with the two
main categories of traffic assignments as in section 3, emission models are set to be either static or dynamic. Below in
subsection 4.1 and 4.2, further classification is applied on static and dynamic emission models.
Vehicle emission modelling
Static emission
models
Dynamic emission
models
Aggregated
models 
Traffic situation
models
Average speed
models
Regression-based
models
Modal models
Instantaneous
models
Figure 3: Vehicle emission modelling classification
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4.1 Static emission models
This type is based on macroscopic information of the traffic network. Despite the fact that static emission models
cannot estimate emissions precisely, they are used widely for transportation purposes because of their simplicity and
ease of use. The static emission models are further classified into categories based on the level of complexity as per
the following. 1) Aggregated models that are associated with a very low resolution in terms of the data used. These
models employ emission factors to estimate emissions based on vehicle kilometres travelled (VKT), or vehicle miles
travelled (VMT), or fuel consumed. The UK National Atmospheric Emission Inventory and the Energy Book for
transport are two examples of the aforementioned models [43]. 2) Average-speed models are based on the average
speed during a trip and emission factors. The emission factors of these models are in (g/V KT ) or (g/VMT ). An
example includes the Computer Program to Calculate Emissions from Road Transport (COPERT) [34]. Other examples
are a computer program that estimates different emission factors (MOBILE) [1] and the EMFAC2014 which is the
latest emission inventory model that calculates emission inventories and emission rates for motor vehicles operating
on roads in California [11]. Since this type of model depends on the average speed of vehicles, congestion is taken
into account implicitly. Nevertheless, this approach will not be a good fit for congested areas when vehicles are idling.
Lastly, 3) traffic situation models requires qualitative variables (e.g, road type, congestion level, and area type) and
quantitative variables (e.g., average speed, traffic volume, VKT or VMT, and link length). Emission factors employed
for these models are referenced to a specific traffic condition. However, these types of models are associated with a
high level of subjectivity when defining traffic conditions and this leads to inconsistency. Examples of this type include
the Handbook Emission Factors for Road Transport (HBEFA) [27] and the Assessment and Reliability of Transport
Emission Models and Inventory Systems (ARTEMIS) [13]. Among the three static emission models, this one is the
most detailed that takes into account different variables to provide better estimations and accountability for congestion
[46].
4.2 Dynamic emission models
This type is based on second by second time increment vehicular variables that is further classified into three categories.
1) Regression-based models employ regression approaches to estimate emissions based on detailed variables that
represent driving cycles. Speed, acceleration levels, or speed-time profile data are required to define average emission
factors (g/s) or (g/VMT ) or (g/V KT ). This model can be used aside with microscopic data obtained from the GPS
equipment and is suitable with the DTA models. Nevertheless, this type of model is very sensitive to over-fitting the
calibrated data because of the large number of variables. Examples of this type include VERSIT+ and the Virginia
Tech Microscopic Energy and Emission Model (VT-Micro1). 2) Modal models are a function of different modes of
vehicular operating condition (e.g., starts, idle, acceleration, deceleration, cruise, etc.). Emission factors (g/s) or
(g/VMT ) or (g/V KT ) are defined based on the operation mode. Both vehicle characteristics and cycle characteristics
are required as inputs for this type of model. An example of this type is the Mobile Emissions Assessment System
for Urban and Regional Evaluation (MEA- SURE). And finally, 3) instantaneous models are the most detailed and
most accurate to estimate the emissions. Both dynamic operating variables (e.g., second-by-second speed, road grade,
and vehicle accessory use) and static parameters (to characterize the vehicle tailpipe emissions for the appropriate
vehicle/technology category) modes are required as inputs. Nevertheless, this type of model is difficult to calibrate and
needs intensive vehicular characteristics, operations, and locations and this raises the difficulty of using this type of
model with DTA. Examples include Passenger car and Heavy duty Emission Model (PHEM) [24], Comprehensive
Modal Emission Model (CMEM 2) [40], and Motor Vehicle Emission Simulator (MOVES 3) [2].
5 Taxonomy of the eco-routing methods
A four-level taxonomy is adopted as shown in Figure 4. The first level of taxonomy is based on the purpose of the
model:
• Environmental Objectives (O) Models: seek emissions and/or fuel minimization in addition to other objec-
tives.
• Environmental Constraints (C) Models: define a value that should not be exceeded whether it is for emissions
produced, fuel consumed, or for both.
• Environmental Impact Assessment (A) Models: define the impact of a certain controlling scenario on the
environment, like adding a link in a network [43].
The second level of the adopted taxonomy is based on the level of aggregation of both traffic flow and emission/fuel
models:
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Environmental
objectives (O)
Environmental
constraints (C)
Environmental impact
assessment (A)
Microscopic (I) Mesoscopic (E) Macroscopic (A) Mix of two (M)
Large case
study (L)
Small case
study (S)
One objective
(1)
More than one
objective (2)
Aggregartion
Purpose
Scaleability
Objective
Figure 4: Abbreviations of the four level taxonomy
• Microscopic (I)
• Mesoscopic (E)
• Macroscopic (A)
• Mix of the above three levels of aggregation (M)
The third level of taxonomy is dependent on the scalability of the model, in which the scale of the case study is the
judging factor and the categories are:
• Large case study (L)
• Small case study (S)
Finally, the fourth level of taxonomy is related to the number of objectives optimized at a time:
• Single objective (1)
• More than one objective (2)
Firstly, the purpose as a criterion is chosen as it covers a wide horizon of models considering the environmental aspect
while routing vehicles. Secondly, the level of aggregation of the traffic and emission models is chosen because it reflects
on the quality of the outcomes and defines the level of spatial and temporal resolution employed. Thirdly, the scale
of the investigated case studies indicates the applicability of the models proposed. Finally, defining the number of
objectives optimized at a time is a crucial piece of information for practitioners who have defined endeavours to fulfill.
Figure 4 demonstrates the abbreviations adopted. For example, OAL2 is for a model with environmental objectives,
employed macroscopic flow and emission/fuel models, large case study, and optimized more than one objective at a
time.
Below in subsections 5.1, 5.2, and 5.3, the eco-routing studies are classified based on the first level of taxonomy. This
paper focuses mainly on the O Models as they represent the core concept of routing based on defined objectives. Hence,
the other three levels of taxonomy are applied only on the O Models.
5.1 O Models
This type of model represents the core of traffic routing problems and considers the environmental aspect. To apply the
second level of taxonomy, O Models are clustered into four categories based on the aggregation level of traffic flow and
emission/fuel models. Furthermore, the third and fourth levels of classification are applied on the reviewed studies.
5.1.1 OI Models
This category of models employs microscopic level of aggregation for both traffic flow and emission/fuel models. The
main characteristic of this type is the high spatial and temporal resolution of data employed. Nevertheless, this comes at
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the cost of time, resources, and computational power. The main challenge associated with this level of aggregation is
the availability of suitable data points.
[38] developed two eco-routing algorithms that were applied in the INTEGRATION microscopic traffic assignment and
simulation framework. The first algorithm was based on vehicles sub-populations (ECO-Subpopulation Feedback or
ECO-SFA) and the other algorithm was based on individual agents (ECO-Agent Feedback Assignment or ECO-AFA).
The study considered two small case studies. The model belongs to the OIS1 Models classification. The main objective
function was to minimize either fuel consumption or travel time and this means that only one objective in Equation
1 was optimized at a time. The main difference between the ECO-SFA and ECO-AFA was that the former gave
periodically updated routes for every vehicular class. On the other hand, the latter gave routes for every vehicle based
on request. Routing was multi-class because vehicles can only use information from vehicles of same class. Routing
was also stochastic as it accounts for the uncertainty about the links costs [38].
[4] applied the same logic followed in [38] and investigated the impact of applying a dynamic eco-routing system taking
into account different market penetration rates (MPRs) and different congestion levels. The eco-routing method, which
goes under OIL1 Models classification, allowed for a multi-class, stochastic, and dynamic eco-routing system. The
VT-Micro microscopic emission model was used. The case study was the Cleveland and Columbus networks, which
are large networks. Finally, routes were updated based on real data from vehicles in the network. Vehicles shared
information related of their fuel consumption with a Traffic Management Center (TMC) via roadside units (RSUs).
The TMC processed the fuel consumption related information from vehicles in the network and provided vehicles with
optimal routes [4]. It is worth mentioning that [4] was applied in a centralized routing system.
[42] optimized one objective at a time in a signalized traffic network. Their approach, which is classified as OIS1
Models, was based on applying Markov decision process (MDP) that was converted to a linear programming formulation.
This study used high resolution (microscopic) data (vehicle arrival, and signal status) instead of GPS data. Vehicle
trajectories were estimated based on a proposed method that depended on the conditions of traffic signal status and
number of vehicles arriving at intersections. For every second, the trajectories of the vehicles were fed into a microscopic
emission model. The study considered one criterion for the objective function at a time in Equation 1 (T and E). Their
case study was based on a part of Pasadena city, CA, USA. The studied network was a small case study that consisted of
20 signalized intersections. 19 intersections were signalized, while only one was controlled by stop signs. A comparison
was made between the base case of routing vehicles taken the shortest path and the case of routing vehicles to routes of
minimum emissions. It was found that there was a reduction in emission when applying the latter [42].
[21] moved towards utilizing one form of the ICT improvements where they employed vehicle to infrastructure
communication (V2I). The used traffic model was INTEGRATION that employed VT-Micro to estimate emissions. The
proposed eco-routing model, which is classified as OIS1Models, was based on integrating two models: INTEGRATION
and OPNET. OPNET was the model that handled the communication between vehicles and TMC. When vehicles
traversed certain links, information calculated by INTEGRATION about their experiences in terms of emissions, travel
time and location, was sent to TMC. TMC defined optimal eco-routes and sent them to vehicles when requested. In
the study, it was assumed that TMC did not communicate with vehicles. However, vehicles used a Web interface that
showed the best routes recommended by TMC. The case study was on one highway and two arterial roads. The study
investigated the impact of errors due to data packet drops and delays and found that the impact was not significant.
Furthermore, they found that the proposed model was robust against delays and data packet drops [21].
[22] proposed the ant colony based approach that is based on the subpopulation feedback eco-routing (SPF-ECO)
algorithm, which is similar to [38] and [4]. the proposed eco-routing approach goes under OIS1 Models classification.
The authors mainly tried to overcome the main shortcoming of the SPF-ECO approach, which was the delayed updates.
The main enhancement of the Ant colony eco-routing (ACO-ECO) was the more realistic representation of blocked
and unoccupied links in a network. Furthermore, it considered periodical updates that helped obtaining optimal routes.
The model was applied in a centralized routing system framework in which vehicles sent the traversed cost of links to
TMC. A comparison between the ACO-ECO and SPE-ECO was conducted in a network that consisted of 10 zones.
One highway and two arterial roads were taken into account. In terms of the optimization variables, only fuel and CO
emissions were considered while choosing routes. Hence, in Equation 1, only F and E variables were optimized. It
was found that ACO-ECO performs similarly to the SPE-ECO when operation is normal (links were unblocked and
occupied). Nevertheless, when links are blocked or unoccupied, the ACO-ECO reduced fuel consumption, travel time,
and emissions compared to the SFE-ECO [22].
[8] assessed the impact of different eco-routing strategies in terms of system travel time and other environmental
criteria. The second by second data of vehicles in the transport system were obtained from VISSIM. Distribution of
vehicles-specific power (VSP) modes was calculated. Finally, emissions on a road segments were estimated based on the
amount of time every vehicle spent in each VSP mode multiplied by proper emission factors. The proposed eco-routing
model belongs to OIL1 Models classification. Following the equations in [8], the time spent and the corresponding total
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emissions produced by a pollutant p(NOx, CO,HC, and CO2) were estimated for every mode. Weights were given
to the pollutants that were taken into account. Then, environmental damage (ED) costs were obtained based on the
weights. The study mainly focused on developing Volume-Delay Functions (VDF), Volume-Emission Functions (VEF),
and Volume-Environmental-Damage-Functions (VEDF) for every road segment. Two route guidance procedures for
traffic flow optimization were examined: minimizing individual impacts of every eco-routing vehicle j and minimizing
the total impact of the network based on an optimization process of flow. The developed VDF (travel time), VEF
(emissions) and VEDF (environmental damage cost) functions were used to define the optimal route based on the
objective function [8]. Referring to Equation 1, one cost variable was optimized at a time while routing vehicles.
Routing depended on the travel time cost for non eco-routing vehicles, while emissions, environmental damage, and
pollutants costs were determined for the eco-routing vehicles. Two scenarios were considered in terms of the system
demand and MPR of eco-routing vehicles. With regards to the major results found, minimizing emissions for individuals
while routing may lead to more emissions compared to the standard UE assignment. Nevertheless, when demand was
moderate and MPR of eco-routing vehicles was 100%, the CO2 and NOx emissions in the system were reduced by 9%
compared to the standard UE travel time case. Furthermore, it was noticed that reducing the system total emissions was
achieved at the cost of a slight increase in travel time that was up to 5% [8].
A recent study by [20], which belongs to the OIL1 Models classification, elaborated on the logic followed in [21].
The proposed eco-routing model depended on two main features: 1) the existence of connected vehicles that can
communicate with a TMC and 2) the existence of sensor vehicles or probe vehicles that were uniformly distributed in
the studied network. INTEGRATION and VT-Micro were the traffic flow and the emission models employed. This
means that the level of aggregation of both models was microscopic. A large case study of the downtown area of the city
of Los Angeles was considered. The main goal of the study was to examine the efficiency of the communication feature
proposed under different scenarios. The model suggested that probe vehicles were distributed to collect information
about links traversed (fuel). This means that F variable of the optimization formulation in Equation 1 was optimized.
The information obtained was then sent to TMC that updated routes based on real time data. Connected vehicles
requested optimal eco-routes from TMC that did the calculations related. Different MPRs of probe vehicles and different
demand levels were considered and their impact on the model performance was assessed. Furthermore, the impact of
packet drop and delay in the case of realistic communication was investigated. The major findings of the study were the
following: 1) for the ideal communication condition (no packet drops nor delay), improvements to the network-wide
fuel consumption levels were associated with higher MPRs; 2) the system required 20%-30% of probe vehicles to
produce acceptable results in the case of ideal communication; 3) for a realistic communication condition (packet
drop and delay), the higher MPR caused more emissions due to the error in routing vehicles that was triggered by
the higher frequency of packet drops; 4) for both realistic and ideal communication conditions, 20%-30% of probe
vehicles performed well; and 5) packet drop and delay of VANET communication network have a profound impact on
the performance of a dynamic routing system [20].
5.1.2 OE Models
From an extensive literature review, none of the studies applied the mesoscopic level of aggregation for both traffic flow
and emissions models.
5.1.3 OA Models
The main characteristic of this category is the low level of spatial and temporal resolution in terms of flow and
emission/fuel models. Thus, this category is associated with less accuracy compared to OI Models. However, this
type of model is used when high resolution data points are not available. The third and fourth levels of taxonomy are
illustrated for each of the reviewed studies.
[45] incorporated the environmental aspect while assigning vehicles to their destinations. The study considered three
objectives. Travel distance, travel time, and CO emissions. Nonlinear programming techniques were used to find the
optimal solution. Time and emissions were estimated based on the Bureau of Public Roads (BPR) function. Macroscopic
models for both traffic flow and emissions were used. The approach was based on weights and on a comparison process
between pairs to choose the optimal weight for every variable. While referring to Equation 1, weights were applied for
T , D, and E. It was noticed that there was a proportional relationship between the variable importance and the weight
associated [45]. The case study was an urban area of Taipai that consisted of 38 traffic zones, 268 nodes, and 688 links.
Thus, the model by [45] goes under (OAL2) Models category.
A study by [10], which belongs to the (OAL1) classification, considered both UE and SO traffic assignment. Two
different objective functions were taken into account: minimizing the travel time as well as minimizing the CO
emissions. The travel time was estimated based on the Bureau of Public Roads (BPR) function. Macroscopic traffic
flow model were employed to estimate the speed. For the emissions, the macroscopic TRANSYT-7F average-speed
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model was utilized. The case study was a network in Edmonton, Alberta and consisted of 54 zones, 809 nodes, and
1,282 links. In reference to Equation 1, one variable was optimized at a time. This study dealt with the static traffic
assignment case when it came to including the emission aspect [10].
A study by [32], which belongs to OAS2 Models category, proposed a framework that was based on an advanced
controlling technology, that is the Model Predictive Control (MPC). An online optimization was applied and future
state was predicted based on the current state. Macroscopic models of traffic flow and emission/fuel were employed. In
terms of the optimization formulation as shown in Equation 1, the study used weights for T , E, and F . In addition, the
study added two terms: the first one penalized control effort and the other one penalized switching of routes. The first
input which was the controlling variable, should be estimated and then an iterative process took place that was called
moving-horizon optimization. The MPC was known to be an efficient tool for multiple control objectives and constraints
[32]. Moreover, it was stated that MPC is a robust tool when it comes to model mismatch, system uncertainties, and
disturbances [32]. A real time en-route diversion control strategy with multiple objectives was designed in a MPC
framework. VMS was used at the point where the vehicles would have information about the best route that satisfied
the objectives set. The variables were optimized one at a time and then a multi objective scenario was applied that
considered T , E, and F for Equation 1. During the peak hour, the multi objective routing strategy showed a clear
improvement for the three variables. Furthermore, for the off peak case, the same scenario showed a slight increase
in the total travel time but a reduction in both total emissions and fuel consumed. The considered case study was a
hypothetical traffic network of 8 links [32]. Two other studies were found in the literature that employed the MPC
framework but for different controlling variables that can be found in [49] and [36].
A study by [37], which belongs to the OAS2 Models classification, used average speed to estimate emissions and
fuel based on regression equations. Patil estimated speed based on the Bureau of Public Roads (BPR) function, that
depended on flow. Emissions were estimated based on speed. Therefore, both traffic flow and emission/fuel models
were macroscopic. Two scenarios were set in terms of flow, free flow speed, links length, and links capacity. The study
applied UE and SO to optimize both the emissions/fuel and the travel time and to optimize the travel time as the only
objective. The major finding was that SO of a combined objective (travel time and fuel/emission) performed better than
UE. Finally, It is worth mentioning that [37] tried to define the optimal speed for several pollutants.
5.1.4 OMModels
This category is for models that employed a mixture of the three categories (microscopic, mesoscopic, and macroscopic)
for traffic flow and emissions/fuel models. Studies that collected real data from studied networks belong to this category
as well. The third and fourth levels of taxonomy are demonstrated for the below reviewed studies.
[7] investigated the impact of incorporating CO emissions cost while applying dynamic routing. The study considered
two different objectives for routing. One was based on optimizing the travel time and the other was based on optimizing
the travel time and emissions. A comparison between the aforementioned two scenarios was conducted. The study
employed a mesoscopic traffic flow model that was a cell transmission model (CTM) with an average speed regression
emission model (macroscopic emission model). Hence, the proposed model belongs to OMS2 Models category. The
study estimated emissions based on a nonlinear regression model. The main drawback of the emissions model was that
it does not consider the stop and go situation. Thus, it is not suitable for urban areas. Two case studies were considered:
a small case study that consisted of 8 nodes, 9 links, and 3 O-D pairs and a slightly bigger network that consisted of
14 nodes, 20 links, and 3 O-D pairs. Three scenarios for comparison purposes were applied: 1) minimizing travel
time, 2) minimizing CO emissions, and 3) minimizing travel time and emissions. Hence, in Equation 1, T and E were
optimized one at a time, and for another scenario, they were optimized together. For the scenario when the objective
was to minimize both travel time and CO emissions, a normalization process was applied. Since the unit of travel time
and CO emissions were not consistent, both of them were converted to monetary values. The study’s major finding was
that when trying to minimize travel time, an increase in the CO emissions was observed. For scenario two that aimed to
minimize CO emissions, an increase in the travel time was noticed. However, for the third scenario, a clear trade off
took place between time and emissions. Scenario three gave the desired results compared to the other scenarios [7].
[23] assessed the impact of green routing in the Greater Buffalo-Niagara Region while using ITSs that provide dynamic
route guidance to travellers. The study integrated an emission model with a traffic model to define a routing strategy
based on a defined objective. This study belongs to OML1 Models. The study divided the area into two parts. One
area of them employed the second by second trajectories data from the TRANSIMS to define emissions by using
MOVES microscopic model and choose the optimal route accordingly. The other area utilized average speed to estimate
emissions. This means a macroscopic emission model was used. The study estimated emission production factor
(EPF) and fuel consumption factor (FCF) based on outcomes of the MOVES model. When seeking for green routing
assignment, emission (EPF) and fuel consumption (FCF) factors of every link would replace travel time representing the
cost within a link in Equation 1. Three main scenarios were applied for the green routing: a) minimizing CO emissions,
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b) minimizing NOx emissions, and c) minimizing fuel consumption. TRANSIMS Router assigned vehicles based on
the least EPF and FCF. Furthermore, another scenario was taken into account that considered the case of the shortest
travel time where MOVES was used to obtain the required values for routing and for comparison purposes. The study
investigated the impact on travel time when applying green routing. The major finding was that less emission/fuel was
associated with a slight increase in travel time [23].
A system was proposed by [6] that gave eco-weights to a road network based on collected data from vehicles in the
studied network. The data points were collected from equipped buses based on GNSS (global navigation satellite
system, e.g., GPS), which were called CAN bus data. Weights were given to travel time, distance travelled, and fuel
consumed, and then, vehicles were routed to their destinations by applying Dijkstra’s algorithm. The case study was the
network of the Denmark. The eco-weights and travel time-weights are calculated by using data points from more than
37 million CAN buses (distributed vehicles i in the network) and 1.2 billion GPS records from 11,000+ vehicles. After
collecting data from GPS and CAN buses, eco-weights and travel time weights were estimated. More details can be
found in [6]. This study analyzed three routes: the shortest, the fastest, and eco-routes. Thus, Equation 1 variables (T ,
E & F , and D) were optimized one at a time. Since this study did not employ flow and emission models, it belongs to
OML1 Models classification. With regards to the results, it was found that the economical route varied from both the
shortest and the fastest routes. Furthermore, a reduction in fuel consumption was achieved with a slight increase in
travel time [6].
A model by [31], which belongs to the OMS2 Models classification, solved the SO traffic assignment problems that
minimize total system travel time, total system CO emissions, and minimize both. This means that T and E in Equation
1 were optimized one at a time and together in another scenario. The two system optimal problems with emission
consideration were both formulated as mixed integer linear programming problems (MILPs) taking into account the
variables considered for the optimization process. In terms of the traffic flow model, link transmission model (LTM) was
employed and compared to the cell transmission model (CTM) flow model and they both proved to perform similarly.
The case studies considered were pretty small with restrictions on OD pairs in which one destination was considered.
Step functions were employed to estimate link cumulative flow curves of every link and to decompose link in-flow into
sub-flows. Travel time was estimated based on sub-flows on every link. Average travel time of inflow and sub-flow
were then utilized to obtain average speed on that specific link. Average speed was used to estimate emissions of the
studied link and that means macroscopic emission model was used. The model developed in this study illustrated the
trade off between minimizing total system emissions and total system travel time. CTM and LTM gave pretty similar
results when results were compared [31].
[26] investigated the eco-routing concept based on real data points. The case study was the Ann Arbor traffic network
and consisted of 21,569 one way links with different link types including local, minor, major, collector, ramp, and
highway. Autonomie software [39] was employed to calculate fuel consumption for all of trips on the road network
based on real data collected. The model belongs to OML1 Models classification. Four scenarios for optimization were
considered: fastest route, shortest route, eco-route, and time constrained eco-route. In other words in Equation 1, T , D,
and E were optimized one at a time and the last scenario optimized E and constrained the T . The Eco-routing strategy
performed the best with respect to fuel consumption, while travel time was slightly higher than the fastest strategy [26].
[12] is another study that considered real data points and historical data to estimate emissions based on speed.
5.2 C Models
This type of model focuses on optimizing one objective and setting a constraint on another objective in which a
constrained variable is not allowed to exceed a defined value. For instance, when setting emissions as the main objective
to be minimized, travel time can be constrained. This type is considered as an extension of models with environmental
objectives.
[26] employed the concept of a constrained model that incorporated the environmental aspect while routing vehicles.
This study included a constraint for the additional travel time accepted while routing vehicles towards their destinations.
A straightforward comparison between the optimal shortest, fastest, eco-route, and constrained eco-routing was executed.
It was found that constrained eco-routing gave desired results in terms of travel time and fuel consumed when compared
to other strategies. Although there was a negligible increase in travel time, a reduction in fuel consumed was observed
compared to the shortest and eco-routing strategies. Statistical tests were conducted to validate the proposed model
[26]. Another study by [42] followed the same logic in [26], but for a different case that was a signalized traffic
network. The study basically incorporated a microscopic emission model into a Markov decision process (MDP) and
then converted the MDP to a linear programming. Unlike [26], travel time was set as the main objective instead of being
constrained. While the other costs were taken into account and formulated as constraints [42]. Furthermore, [15] and
[51] applied physical and environmental constraints for traffic equilibrium problems. A study by [50] followed the logic
of employing probe vehicles as in [6] to estimate emissions, and used Pareto-Optimal based algorithm for optimization.
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The case study was Tokyo in Japan. One origin and one destination were taken for an example. The authors set a
constraint on travel time in which it was controlled and not allowed to exceed a defined value. The authors applied a
relative importance analysis and found that average speed and average acceleration took 85% of the importance to CO2
emission model [50].
5.3 A Models
This type of model defines the impact of a certain controlling scenario on the environment like adding a link in a
network. Furthermore, this is more related to supply transportation problems that are not the main concentration of this
paper. Nevertheless, a brief illustration of studies related is shared below.
[3] mainly investigated the impact of different route choices on the environment. They took into account different
pollutants (CO, CO2, NOx, HC), travel time, and fuel. The study illustrated a quantitative analysis showing the results
associated with every route choice. In addition, they compared between the utilization of macroscopic and microscopic
emission models and found that macroscopic models were associated with deficiency. They employed a microscopic
traffic model (INTEGRATION) and obtained the data required from the GPS. With regards to the results, they found
that faster highway choice is not always favorable from the environmental and energy prospective. It was also noticed
that considering emissions and energy through the optimization process can outperform the standard UE and SO
assignment significantly in terms of CO emissions. Furthermore, when they compared between static and dynamic
emission estimation models, they found that dynamic models outperform the static ones. Since emissions are sensitive
to changes in vehicle’s speed and acceleration, a minimization to high-emitting driving behaviour would be beneficial
environmentally. They also found that applying emission-minimization routing reduced network emissions [3]. From
the supply prospective, the impact of adding a link in a network would have an impact on the emissions produced and/or
the fuel consumed. A study by [33] demonstrated the adverse impact on emissions when adding a link to a network and
that was unexpected. [44] also investigated the impact of employing a disturbed dynamic routing system of connected
vehicles on the environmental indicators. More studies related to this taxonomy can be found in [43].
6 Discussion
A four level taxonomy for eco-routing models is proposed. The taxonomy is based on profound characteristics (purpose,
level of aggregation of traffic flow and emission models, scalability, and number of objectives optimized at a time).
The aforementioned characteristics are chosen due to their importance and ability to reflect on the applicability of each
model. Classifying the studies in the literature would help practitioners choose the suitable models that match the
characteristics of their case studies and available inputs. Choosing the proper model affects explicitly the quality of
outcomes. In addition, illustrating detailed categorization of the eco-routing studies guides researchers towards further
investigations for more sustainable transport systems.
The presented models above in section 5.1 are the main focus of this paper as they represent the core concept of
eco-routing. It is crucial to note that the reviewed studies are for personal transport. Incorporating the environmental
aspect while pricing tolls is excluded as the focus of this paper is routing from an origin to a destination based on links’
cost in travel time, GHG emissions.
Most of the reviewed studies optimized one variable at a time, such as travel time, distance, or emissions/fuel. Examples
can be found in [23], [10], [42], and [6]. Most of the studies that incorporated the environmental aspect in the
optimization process led to minimization of the undesired variables (emissions, and fuel) and illustrated the trade off
between the environmental variables and travel time as in [7], [32], and [31]. It was noticed in the literature that there
was not a clear differentiation between two concepts: the dynamic routing and dynamic traffic assignment. At times,
dynamic traffic assignment was used to refer to dynamic routing. In general, routing is guiding while traffic assignment
is based on the choice of path from an origin to a destination. Both terms are defined in details in section 3.
Speed is a major contributor to emissions (CO2 and NOx) [50]. The relationship between speed and CO2 and NOx
is a non-monotonic and nonlinear. Improving speed may not always be favourable from the environmental aspect.
When trying to minimize travel time, emissions may increase and this depends on the value of speed. Travel time and
emissions are conflicting variables for certain ranges of speed. Furthermore, utilizing smaller values of speed means
more time in the network that triggers more emissions. However, it is noticed that studies did not elaborate on the
impact of this type of relationship while eco-routing. Furthermore, it was not always stated if CO2/ NOx emission
rates were based on distance or time.
With regards to the trade off between emission and time, studies that compared between different routing strategies
found that minimizing emissions/fuel was at the cost of a slight increase in travel time [32], [23], [6], [8], [26], and [7].
For the scalability factor, the employed case studies were limited, and restrictions were made for the OD pairs in [32],
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[31], and [42]. When it comes to the level of aggregation of traffic flow and emission models, the use of macroscopic or
mesoscopic models for representing traffic flow or emission is a drawback especially with the advancements of the
ICT. For instance, when average speed was utilized in [7], [37], [23], and [31], emissions were underestimated. Models
that utilized regression models, such as in [37], [7], and [10], were dependant on vehicular speed to estimate emissions
produced and/or fuel consumed. This suggests that they are not applicable for urban areas and especially the congested
ones. In other words, when the vehicles stop, their contribution to emissions produced and/or fuel consumed is not
captured by using regression models. For specific studies, the use of probe vehicles as in [50], [6], and [20] is associated
with a limitation as low MPRs would lead to unrealistic and unreliable results. Only one model by [32] considered
the prediction concept when evaluating objectives. From the public health prospective, NOx needs to be quantified.
Nevertheless, studies rarely considered it while routing vehicles.
Finally, the most up to date models by [21] and [20] incorporated one of the ICT advancements which is vehicle to
infrastructure communication (V2I). However, they were still dependant on centralized routing systems that have their
own drawbacks: the large investment required, high sensitivity to system failure, lack of relevancy of information
to a specific trip, and high complexity when updating a system compared to distributed routing systems [48]. In
addition, the main goal of the most recent studies by [21] and [20] was to demonstrate the effect of communication
characteristics on the proposed models as they utilized V2I communication. Thus, more attention should be devoted to
utilize distributed routing systems. For instance, [19] proposed an end-to-end distributed dynamic routing system for
connected autonomous vehicles (E2ECAV). The E2ECAV was tested with conditions that are experienced in Downtown
Toronto, which is an urban area that can become highly congested. The effectiveness of the proposed E2ECAV in
terms of throughput, travel time, flow, density, and flow was examined by [5]. The results were encouraging in which
around 18% reduction of mean travel time was observed when employing 100% CAVs in the case of highly congested
traffic conditions. Moreover, the study showed that the higher the MPR of CAVs the better the throughput and the less
time required to achieve 100% throughput. Furthermore, enhancements to speed, density, and flow have been noticed
with higher MPRs of CAVs [5]. The general trend was that the higher MPRs of CAVs the better the traffic network
characteristics, especially for congested and highly congested traffic conditions due to the up-to-date information
about the traffic condition [5]. From the environmental prospective, [44] assessed the impact of applying the E2ECAV
distributed dynamic routing system on the environment. Different MPRs and demand levels were investigated. When the
demand level was low, the impact of employing high MPRs of CAVs was negligible. However, when the network was
extremely congested, 100% CAV decreased the total GHG and NOx by 40% and 12%, respectively. Generally speaking,
higher MPRs led to lower total GHG emissions in the network, while the optimal MPR differed for different demand
levels. The optimal MPR was 70% CAV for uncongested and highly congested traffic conditions that contributed to 5%
and 41% decrease in GHG and NOx, respectively. Nevertheless, the optimal MPR of CAVs was 100% for congested
traffic condition [44].
7 Potential directions
As most of the studies aimed to optimize one objective at a time while routing vehicles, more research efforts should
be devoted towards multi-objective routing. Optimizing multiple objectives can be implemented in different ways: 1)
The use of the constrained optimization process and that was the case of the studies in section 5.2. 2) The inclusion of
more than one objective in the main optimization formulation as in [32], [7], and [31]. Using more than one objective
in the main formulation requires normalization as in [7]. It is worth mentioning that choosing between constrained
and multi-objective routing depends on the policy maker and on the margin of acceptance for the controlled variables.
Furthermore, it is paramount to consider public health while routing vehicles, but it was rarely captured in the studies
reviewed. Hence, more attention should be dedicated towards quantifying indicators, such as exposure and dispersion.
When it comes to the employment of ICT advancements, researchers should consider utilizing the crowdsourced
environmental data that is based on adding a unit to the citizens’ smartphones and other similar devices. The unit device
can measure the air quality of places they visit and share the data with others. Furthermore, researchers should think of
incorporating eco-routing option or multi-objective routing in routing software like WAZE [18] and Google Maps [14]
especially that citizens are more aware about the undesired impact of their trips on the environment.
As evident from [48], the efficiency of a routing system plays a profound role in mitigating congestion that has an
explicit negative impact on the environment. Since the most up to date studies still depended on the centralized routing
systems that have limitations [48], distributed routing systems should be considered for future models. Distributed
routing systems proved their capabilities of overcoming the centralized routing systems shortcomings and improving
both traffic and environmental characteristics as in [48], [25], [19], and [30].
For future studies, there is a need to define precisely and distinguish between two related terms: the dynamic routing and
the dynamic traffic assignment to avoid any confusion. More emphasis on dynamic routing should be given due to the
12
A PREPRINT - JUNE 12, 2019
advancements in the ICT that would facilitate the process and represent traffic condition more realistically. Furthermore,
the use of real time data means that downstream condition can be estimated more accurately and vehicles would be
routed more efficiently. The employment of microscopic models for both flow and emission/fuel is profound as the
higher the spacial and temporal resolution of the data points, the better the reflection on the real condition and the
higher the accountability for congestion phenomenon. Investigating the impact of eco-routing for different congestion
levels and different MPRs of intelligent vehicles would illustrate the magnitude of benefits for increasing connectivity
and autonomy. Predicting traffic variables is an essential tool for managing the traffic flow efficiently based on the
objective. Prediction can be implemented for short-term and long-term. The traffic variables that can be predicted
are the average speed, density, flow, and travel time [41]. Linking the aforementioned concept of prediction to the
case of eco-routing, emissions can be predicated similarly to the other traffic variables and vehicles would be routed
accordingly [32]. In terms of the case studies, a larger network as in [4], [10], [23], and [20] would be preferable to
illustrate the effectiveness of the proposed approaches and the scale of applicability.
In summary, it is of profound importance to not only minimize travel time, but also mitigate the negative impact of
transport systems on the environment while routing vehicles. To obtain reliable results, distributed routing framework
should be considered due to its capabilities to overcome the drawbacks of the conventional centralized routing protocol
and improve both traffic and environmental characteristics. Furthermore, the use of microscopic flow and emission
models in addition to large case studies would contribute to more realistic outcomes.
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